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Does Work-related Training Reduce the Discrepancy
between Function Requirements and Competencies?
Abstract
The issue of lifelong learning is high on the political agenda. However, despite this
political interest and the large economic literature on human capital, the impact
of work-related training on the discrepancy between function requirements and the
skills of the employee has been ignored. In this paper we use an ordered probit model
to analyze the perceived change in discrepancy. Based on the bi-annual OSA panel
from 1998 till 2002 for The Netherlands, we show that taking a work-related course
decreases the discrepancy significantly. We correct for the endogeneity between the
decision to take a course and the change in discrepancy and we argue that ignoring
the selective decision to take a course leads to misleading conclusions about the
effect of these courses on the change in discrepancy.
Some respondents of the OSA-panel drop out between two waves. To correct for
the possibility of selective attrition we develop an Inverse Probability Weight (IPW)
estimation method for the ordered probit with an endogenous binary regressor. From
the implied marginal effects of the IPW estimation we conclude that taking a course
increases the probability to change the fit between skills and function requirements
from Bad to Good with 16 percent-point.
Key words: work-related training; ordered probit; endogenous regressor; inverse
probability weighting.
1
1 Introduction
It is increasingly acknowledged that education and training of the adult workforce is a
key policy issue to meet the challenge posed by technological changes and improving
career prospects. In Europe a shift towards lifelong learning has been observed. A clear
confirmation of this trend is the increasing number of part-time students. The issue of
continuous education and training is crucial in the context of transitional labour markets,
see Schmid (1998), Schmid (2002) and De Koning (2002). It refers to the employability of
adult workers during their whole career. The knowledge-based economy demands a higher
level of knowledge and skills and the employees have to adapt to that. The OECD and
the European Commission also recognize the importance of lifelong learning, see OECD
(2003).
Despite the policy interest and the large economics literature on human capital, there
are, to our knowledge, no papers that examine the impact of work-related training on the
discrepancy between function requirements and the skills of the employee. The primary
contribution of our paper is to provide evidence for the impact of work-related training on
the change of this discrepancy for The Netherlands. Analysis of the impact of training has
focused almost entirely on estimating the impact on wages, see Lillard and Tan (1992),
Lynch (1992) and Bartel and Sicherman (1999) for studies using US panel data. See
Booth (1991, 1993) for evidence for the UK. Winkelmann (1994) uses German data.
Bassanini et al. (2005) provide a recent comparison of work-related training in Europe.
For the Netherlands, time series indicate that the fit between function requirements
and education/experience has not changed since the beginning of the seventies, SER-
report (2001)1. Because job-certainty has decreased recently in the Netherlands, employ-
ability has become more important. This would increase the attendance of work-related
training and create a highly mobile and skilled workforce that is well-adapted to the re-
quirements of the modern knowledge-based economy. However, the Dutch workforce is
not highly mobile. In The Netherlands labour mobility appears to be very cyclic, with a
high labour mobility during the economic boom around the millennium and a low labour
mobility during the recession of the early 90s, see SER-report (2001).
Ideally, if we observe the exact function requirements and the skills and knowledge
of each employee we could derive the exact relation between them. However, function
requirements and skills are hard to quantify, and difficult to compare between different
functions. The OSA supply panel survey data contain subjective ordinal questions on the
perceived fit between skills and function requirements for the waves 1998, 2000 and 2002.
This longitudinal survey of a random sample of Dutch households, about 4500 individuals,
is conducted every two years. It also provides many other characteristics of the sampled
employees. For our analysis we use these last three waves.
The difference between the perceived fit is again an ordinal variable and, therefore,
we choose an ordered probit model for the analysis. However, it is very likely that the
decision to take a course depends on the perceived discrepancy between skills and function
1CBS Netherlands provide the data online at http://statline.cbs.nl/
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requirements of the employee. Correcting for such a endogeneity is possible by introducing
a selection equation with a error term that is jointly distributed with the error of the
ordered probit model. If we assume a binary probit model for the decision to take a
course the errors terms have a bivariate normal distribution. Thus, another reason to use
the ordered probit model is the relative ease it can accommodate such an endogenous
regressor.
However, endogeneity of the regressor is not the only issue we face. Like in many other
panel surveys, the OSA panel suffers from respondents that drop out. If this attrition
is selective on either the dependent variable, change in discrepancy, or an important
explanatory variable, the decision to take a course, then the ordered probit model (with
a selection equation for taking a course) will give biased results. The common distinction
is between attrition that is selective on variables unobserved in the data,unobservables,
and attrition that is selective on variables observed in the data, observables. The available
methods to correct for attrition on observables are relatively easy to implement and rely on
relatively weak assumptions, this in contrast to the methods that are required to correct
for attrition on unobservables.
Attrition on observables can further be distinguished between attrition that leads to
ignorable selection and non-ignorable selection on observables. Selection is ignorable if
the attrition probability only depends on variables already in the (probit) model. Then,
there is no need to adjust the model. If the selection is non-ignorable an alternative
estimation procedure is required. Under the assumption of selection on observables it is
possible to compute the complete population density of the dependent variable given the
explanatory variables by using normalizing weights. These weights are based on the ratio
of the attrition probability conditional on explanatory variables only and the attrition
probability conditional on explanatory variables and auxiliary variables (see Fitzgerald
et al. (1998)). This implies that people who have a higher attrition probability get more
weight in the model because they are under-represented.
Our secondary contribution is that we are the first to develop an Inverse Probability
Weighted method for an ordered probit model with an endogenous regressor. The Inverse
Probability Weighted (IPW) estimation procedure exploits the weighting of those who
have a higher attrition probability by maximizing the weighted likelihood. Wooldridge
(2002b) provides an extensive discussion on the Inverse Probability Weight estimation
method, including efficiency considerations.
The structure of the paper is as follows. In section 2 the OSA panel survey data is dis-
cussed. Section 3 introduces an ordered probit model for analyzing the perceived changes
in the fit between skills and function requirements. We extend this model with a selection
equation for the decision to take a course to allow for endogeneity between this decision
and the change in discrepancy. Section 4 introduces the problem of selective attrition and
describes different forms of attrition. We develop an Inverse Probability Weight estimation
procedure to correct for selective attrition on observables. Section 5 gives the estimation
results. Finally, the conclusion and comments are provided in section 6.
3
2 Data Used for Analysis
In this paper longitudinal survey data from the Organisatie voor Strategisch Arbeids-
marktonderzoek (OSA) is used. For this panel survey a random sample of households
in The Netherlands has been followed over time. The study concentrates on individuals
who are between 15 and 65 years of age, and are not full-time students. The survey is
conducted every two years, except for the second wave (1986), since 1985. Data till 2002
is available. In the OSA-panel an effort is made to survey a fixed panel of around 4500
individuals. However, after every wave people drop out of the panel. These people are
replaced with care by a refreshment panel. Another issue is that some questions in the
survey are new or rephrased in a next wave. Because only from 1998 on it is explicitly
asked how the fit between work and knowlegde/skills is, we restrict our analysis to the
last three waves of the panel.
We provide some descriptive statistics of the relevant questions for our topic of research.
For the waves of 1998, 2000 and 2002 the survey contained questions on the fit between
knowledge/skills and work requirements, as it is perceived by the employee. Table 1
presents some basic statistics of these questions. First note that no clear trend is observed
in the evolution of the discrepancy between knowledge/skills and work-requirements. A
possible reason for this is the booming economic situation in The Netherlands around
2000. Another reason for the absence of a clear trend is the short time period considered,
induced by the limited number of relevant waves of the panel. Around 80% of the em-
ployees report a good fit between knowledge/skills and work, while only around 5% (2%
in 2000) report a bad fit. Males experience slightly more often a good fit than females.
A change in the labour market situation for the individual seems to improve the fit at
work. Employees with a long lasting relation with the same employer perceive a better fit
between their skills and work-requirements. The fit improves with age. Finally, both the
over-education of employees (knowledge is more) and the under-education (knowledge is
less) seem to have declined after 1998.
– put table 1 about here–
Table 2 presents some basic statistics on the work-related courses taken by the individuals
in the sample. Taking work-related courses for employees has become more common after
1998. The percentage of respondents reporting that they have taken any course in the
two preceding years increased from 16% in 1998 to 46% in 2000 (and decreased to 37%
in 2002). The number of taken courses has also dramatically increased in 2000. Before
drawing hard conclusions from this it should be kept in mind that the Dutch economy
was booming between 1998 and 2000. In a booming economy companies have more money
left to spend on educating their workers. The increase in the percentage of people taking
a course and the average number of taken courses may, therefore, be just a conjunctural
effect. When we look at the differences between employees we see some interesting facts.
Males, for example, attend more often and more frequent work-related courses than fe-
males. Individuals for whom the labour market situation has changed take less courses
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than individuals who remained in the same labour market situation. The more educated
somebody is the higher the probability (s)he takes a work-related course. The regional
difference in taking work-related courses is small: in the big cities and in the north of The
Netherlands slightly less courses are taken. People who have been hired recently hardly
take courses. Finally, it seems that companies invest less in old (45+) people than in
young, as the latter take more courses.
– put table 2 about here–
3 Modelling the Change in Discrepancy Between Func-
tion Requirements and Competencies
We are interested in unravelling the impact of work-related courses, taken by employees,
on the discrepancy between the requirements of the employee’s work and their skills. Ide-
ally, if we observe the exact function requirements and the skills and knowledge of each
employee we could derive the exact relation between the two. However, function require-
ments and skills are hard to quantify, and difficult to compare between different functions.
The OSA panel provides, as discussed in the previous section, the subjective discrepancy
between function requirements and skills as perceived by the individual employee. These
subjective discrepancies are measured as ordered responses, running from Good, Rea-
sonable, Moderate to Bad. The most commonly used model for an ordered response is
the ordered probit model. It assumes normally distributed errors and it can relatively
easily accommodate endogenous regressors and attrition. Below follows a description of
the probit model and how we extend it to accommodate possible selective choice to take
courses.
3.1 An Ordered Probit model
The ordered probit model is used when the dependent variable takes on ordinal values. The
intuitive idea behind the model is that the observed ordinal variable represents ranges of
a unobserved latent variable with unknown cutoffs. The latent variable y∗
1i, representing
in our application the exact change in discrepancy between function requirements and
skills, is determined by the following linear regression:
y∗
1i = Xiβ + ²1i , i = 1, . . . , N. (1)
This latent variable is mapped onto an ordered categorical variable:
Y1i = j if αj−1 < y
∗
1i ≤ αj , j = 1, . . . , J. (2)
Here j represents the category in which y1i is classified. In our application we have seven
different categories. The latent variable can take on any value, so the thresholds α0 = −∞
and αJ =∞. To preserve the ordering the thresholds αi must satisfy α0 < α1 < . . . < αJ .
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Because Y1i is only observed as an indicator, the coefficients are only identified up to scale
and the intercept is not identified. In the probit model it is assumed that the error term
has a standard normal distribution. The contribution to the likelihood for observation i
is given by the following expression:
Pr(Y1i = j|Xi) = Pr(αj−1 < y
∗
1i ≤ αj)
= Pr(αj−1 −Xiβ < ²1i ≤ αj −Xiβ)
= Φ(αj −Xiβ)− Φ(αj−1 −Xiβ),
where Φ(·) is the standard normal cumulative distribution. The parameters of the ordered
probit model are estimated by maximizing the log-likelihood function
l(β, α1, α2, . . . , αJ−1) =
N∑
i=1
J∑
j=1
I[y1i = j] · log
(
Φ(αj −Xiβ)− Φ(αj−1 −Xiβ)
)
,
where I[y1i = j] is an indicator function which is one if y1i is classified in category j.
It very plausible that the decision to take work-related courses depends on the perceived
discrepancy of the function requirements and skills of the employee. This implies that
taking a course is an endogenous variable in the model. If some of the explanatory variables
are endogenous standard estimation of the model is biased, because the covariates and the
error-term are correlated. A way to control for such an endogeneity bias is to introduce a
second, selection, equation with a error term that is jointly distributed with the error of
(1). It is convenient we have chosen an ordered probit model, because if we also assume
a binary probit model for the selection equation the error terms have a bivariate normal
distribution. This is accomplished by adding the following equation to the model:
y∗
2i = Ziβ + ²2i , i = 1, . . . , N (3)
Y2i =
{
0 if y∗
2i ≤ 0
1 if y∗
2i > 0.
The error terms (²1i, ²2i) thus have a bivariate normal distribution with mean zero, vari-
ances one and covariance ρ. The contribution to the likelihood of individual i now depends
on the selection and is given by
Pr(y1i = j, y2i = 0|Xi, Zi) =Pr(αj−1 < y
∗
1i ≤ αj, y
∗
2i ≤ 0)
=Φ2(αj−1 −Xiβ,−Ziδ, ρ)− Φ2(αj −Xiβ,−Ziδ, ρ),
P r(y1i = j, y2i = 1|Xi, Zi) =Pr(αj−1 < y
∗
1i ≤ αj, y
∗
2i > 0)
=Φ2(αj−1 −Xiβ, Ziδ, ρ)− Φ2(αj −Xiβ, Ziδ, ρ),
where Φ2 represents the cumulative standard bivariate standard normal distribution with
ρ the correlation evaluated at the two cutoff points. The model is estimated using the
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log-likelihood:
l(β, δ, α1, α2, . . . , αJ−1, ρ) =
N∑
i=1
J∑
j=1
I[y1i = j, y2i = 0] · log
(
Φ2(αj −Xiβ,−Ziδ, ρ)− Φ2(αj−1 −Xiβ,−Ziδ, ρ)
)
+ I[y1i = j, y2i = 1] · log
(
Φ2(αj −Xiβ, Ziδ, ρ)− Φ2(αj−1 −Xiβ, Ziδ, ρ)
)
. (4)
4 Correcting for Attrition
Attrition is a problem in many panel surveys. In the OSA-panel each wave about 30%
of the sampled individuals dropped out. Each wave these attritors were replaced by a
refreshment panel. However, the major problem is not simply missing data, but the pos-
sibility that they are missing for a variety of self-selection reasons. For instance, interview
institutions often lose the address of people who get a new job for which they have moved.
In Van den Berg and Lindeboom (1998) more possible reasons for attrition are mentioned,
where it should be noticed that sometimes groups of individuals have reasons that de-
crease their probability of dropping out and simultaneously reasons that increase their
probability of dropping out.
– put table 3 about here–
Table 3 presents a comparison between the attritors and non-attritors in 2000 and
2002. There are apparent differences between the two groups. The people who drop out
of the panel, are less often female, have less children, are less often married and, are
more often single (never married and not cohabiting). The labour market situation also
differs between the two groups. Attritors are less often working for a company (people in
employment) and more often out of the labour market. The education level is slightly less
for attritors.
If the probability of attrition is correlated with the response of interest, in our ap-
plication the change in discrepancy between skills and function requirements, or with
important explanatory variables, in our application work-related courses, then traditional
econometrical techniques will lead to biased and inconsistent estimates of the effect of
these variables on the responses. Table 3 reveals that attritors perceive a slightly better
fit between their knowledge and their function requirement and if the fit is bad it is less
often a problem at work. Finally, attritors take, on average, less work-related courses than
non-attritors.
The common distinction is between attrition that is completely random, attrition that is
selective on variables unobserved in the data, and attrition that is selective on variables
observed in the data. The latter can further be distinguished between attrition that leads
to ignorable selection or non-ignorable selection on observables. Attrition does not neces-
sary introduce bias in the estimates of interest. Some studies report that the bias caused
by attrition is small. While other studies exist with a significant bias caused by attrition.
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It is easier to test for selective attrition on observables than on selective attrition for
unobservables. In particular, this leads to a sequence of tests on attrition bias. First,
given that there is sample attrition, test whether or not there is selection on observables.
Second, if there is selection on observables, test whether this attrition is ignorable, and
thus does not bias the estimates of interest. If attrition is non-ignorable, the analyses
need to correct for attrition since otherwise selection leads to biased inferences about
relevant parameters. The available methods to correct for attrition on observables are
relatively easy to implement and rely on relatively weak assumptions, this in contrast to
the methods that are required to correct for attrition on unobservables. While selective
attrition on unobservables potentially remains a problem even after the analyses account
for selection on observables, using as much information as possible about selection on
observables in the panel assists to reduce the amount of unexplained variation in the data
due to attrition. Therefore, controlling for selection on observables will likely reduce the
biases causes by selection on unobservables.
More formally, consider the survey wave at time t and the object of interest is the
conditional population density f(yt|xt), where yt is the dependent variable and xt are
independent variables. We introduce a dummy At that indicates whether an individual is
still in the panel at time t. It is equal to 1 if no attrition occurs, and it is equal to zero if
the individual drops out of the panel. For identification, we assume that xt is observed for
both attritors and non-attritors, as would be the case if it consists of only time-invariant or
lagged variables. In the sample only the individuals with At = 1 are present and only the
density g(yt|xt, At = 1) is observed. Additional information or restrictions are necessary
in order to infer the density of primary interest, f(yt|xt).
The additional information can come from the attrition probability, Pr(At = 1|yt, xt, zt),
where zt are auxiliary variables that are assumed to be observed for all individuals but
are different from xt. In particular zt can include lagged values of the dependent variable
(which are observed up to t − 1 for respondents leaving the panel), as well as charac-
teristics of the respondents, fixed or time-varying. For example, Fitzgerald et al. (1998)
suggest using lagged dependent variables as a candidate for zt. We assume a linear attri-
tion probability, i.e.,
A∗it = δ0 + zitδ1 + xitδ2 + vit (5)
Ait =
{
0 if A∗it ≤ 0
1 if A∗it > 0.
(6)
where A∗it is a latent index and attrition of individual i at time t occurs if this index is
greater than zero and vit is a mean-zero random influence on the attrition probability.
Fitzgerald et al. (1998) classify attrition into selection on observables and selection on
unobservables. Attrition exhibits selection on observables if
Pr(At = 1|yt, xt, zt) = Pr(At = 1|xt, zt) (7)
that is, if, conditional on xt and zt, the attrition probability is independent of the depen-
dent variable yt and therefore the on the error-term, ²1i, in (1). Attrition exhibits selection
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on unobservables if
Pr(At = 1|yt, xt, zt) 6= Pr(At = 1|xt, zt), (8)
This implies that, if selection on unobservables occurs, vit is not independent of the
distribution of the errors in (2) conditional on the observed characteristics, xit. Note,
that (8) can also occur for other reasons, like measurement errors or misspecification of
the model.
Selection on observables is ignorable if the ignorability conditions:
1. Pr(At = 1|xt, zt) = Pr(At = 1|xt),
2. yt and zt are independent conditional on xt and At = 1
hold. The first condition implies that the attrition probability is independent of the aux-
iliary variables zt. Ignorable selection on observables implies that estimation of the model
(1) and (3) on the basis of the observed data on non-attritors leads to unbiased estimates
of the effect of taking work-related courses on the function requirement discrepancy. In
the sequel we call this the unweighted estimator. If, however, selection on observables is
non-ignorable, that is if the ignorability conditions are violated, estimation of the model
based only on non-attritors data will lead to biased inference. Then an alternative es-
timation technique is required. This estimation technique is discussed in more detail in
section 4.2. Note that selection on observables is not equivalent to exogenous selection,
because selection can still be based on endogenous variables.
Under the assumption of selection on observables it is possible to compute the complete
population density f(yt|xt) from the conditional density h(yt|zt, xt, At = 1):
f(yt|xt) =
∫
h(yt|zt, xt, At = 1)w(zt, xt)dzt (9)
where
w(zt, xt) =
Pr(At = 1|xt)
Pr(At = 1|xt, zt)
(10)
are the normalized weights (see Fitzgerald et al. (1998)). The numerator of (10) is the
probability of remaining in the panel, the non-attrition probability, conditional on xt and
the denominator is the probability of remaining in the panel conditional on xt and zt. The
weights w(zt, xt) can be estimated from the data when both zt and xt are observed, as
when zt contains time-invariant or lagged time-varying characteristics of the respondents.
The estimation technique based on this weighting is Inverse Probability Weighting
that is discussed in section 4.2. The intuition behind this technique is that we weight
every observation in the panel with the inverse of the probability that an observation
is included. Because both the weights and the conditional density h are identifiable and
estimable from the data, the complete population density f(yt|xt) is estimable as well
as its moments. This implies that the effect of taking work-related courses (and other
employee characteristics) can be estimated without bias, with a method based on these
inverse probability weights.
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Inspection of (9) and (10) also reveals the cases attrition can be ignored. If zt does not
determine attrition the weights in (10) are equal to one and no attrition bias is present.
If yt and zt are independent conditional on xt and At = 1 the density h in (9) factors
out and the unconditional density f(yt|xt) equals the conditional density and there is no
attrition bias.
4.1 Testing for Attrition Bias
Testing for attrition bias due to selection on unobservables is possible if we include an
equation for the attrition index in the model. The identification of such models with
panel data is, however, complicated because valid instruments that allow identification are
hard to find. Examples of such instruments are interview payments, characteristics of the
interviewer etc. Such variables are, however, absent in the OSA panel data. We, therefore,
have to rely on other ways to detect selection on unobservables. One indirect test for
selection on unobservables suggested by Fitzgerald et al. (1998) is to compare the results
with the results from other available data with less (or no) attrition. Unfortunately, no
other valid data set is available for our application. Finally, a way to get an impression of
the severity of selection on unobservables is by first testing whether significant selection on
observables exists. Then, if no selection on observables is detected, estimate the attrition
equation and check for correlation with the main equation. However, misspecification of
the model may also lead to a correlation between the two equations.
Due to this limited ability to detect selective attrition on unobservables with the data
used in our application, we do not discuss this approach further nor do we perform the
corresponding tests. However, the more lagged information of the panel is put in the model,
the lower the unexplained attrition variation becomes. As a consequence this reduces the
need for selection on unobservables, but with a danger of overfitting the data.
Testing for selection bias due to selective attrition on observables is, on the other hand,
not difficult to perform. Two sufficient conditions that render the selection on observables
through attrition ignorable are either (i) zt does not affect the attrition probability or (ii)
zt is independent of yt conditional on xt for those that remain in the sample, At = 1. One
test is simply to determine whether candidate variables for zt significantly affect At.
If there is no evidence of attrition bias from this specification test, it suggests that
attrition on observables is ignorable. Then, under the assumption that there is no attrition
bias due to unobservable factors, the model can be estimated without adjustment for
attrition. If the test detects non-ignorable selection on observables, the resulting bias in
the parameter estimates can be corrected by a Inverse Probability Weight estimation
method, see the next section.
However, it is impossible to test the ignorability conditions for any possible variables
zt. This is a frequently used argument against selection on observables. A way out might
be to test whether there is selection on observables after estimating the model. Based on
the principle of Hausman (1978) a simple test on endogeneity can be constructed. The
weighted estimator is consistent if one can consistently estimate the sampling probabili-
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ties, Wooldridge (2002b). It is, however, not an efficient estimator when the selection is
ignorable. The unweighted estimator is only consistent when the selection on observables
is non-ignorable, that is, when it only depends on xt. It is then a more efficient estimator
than the weighted estimator. The Hausman-test exploits this.
Thus, the choice for using an Inverse Probability Weight estimation method depends
on whether the attrition is selective on non-ignorable observables. Wooldridge (2002b)
provides an extensive discussion about this issue. Wooldridge concludes that in general
there is no clear-cut answer. In the next section we discuss the Inverse Probability Weight
estimation method and show how it can be implemented for our application.
4.2 Inverse Probability Weighting
The idea behind the Inverse Probability Weight estimation method is that people who
have higher attrition probability get more weight in the model because they are under-
represented.2 Assume that q(w, θ) is an objective function, like the likelihood function.
Here, w is a random vector and the distribution of w depends on θ ∈ Θ. To maximize the
objective function assume that θ0 is the unique solution to
max
θ∈Θ
E[q(w, θ)].
If one has a random sample wi for i = 1 . . . N , from the population one can use the sample
equivalent and solve maxθ∈Θ
∑N
i=1[q(wi, θ)] to obtain θ0.
For the ordered probit model with endogenous work-related course choice it applies
that θ0 is the unique solution to the score function
max
θ∈Θ
E
( N∑
i=1
J∑
j=1
lij
)
where lij(θ) is the contribution of the i
th individual in category j to the log-likelihood
function in (4) and θ = (β, δ, α1, α2, . . . , αJ−1, ρ). Because, in the sample with attrition
only the individuals with A = 1 are present only the density g(y|x,A = 1) is observed.
Often A is a function of some of the elements of w, but as mentioned before A can also
depend on unobservables. When attrition occurs, one has to review the identification of
θ0. The estimator is now defined by
max
θ∈Θ
N∑
i=1
Ai
J∑
j=1
lij.
This is called the unweighted estimator, θˆu. One can now estimate the parameters of the
density f(yt|xt) by putting weights in the equation based on the probability of dropping
2The discussion in the section is based on Wooldridge (2002b).
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out of a panel
max
θ∈Θ
N∑
i=1
Ai
Pr(Ai = 1|v)
J∑
j=1
lij,
where w is a subset of v that is observed for all the people. The parameter vector that
solves this, θˆw, is called the Inverse Probability Weighted estimator. Thus, v contains both
the auxiliary variables zt, influencing only the attrition probability, and the individual
characteristics xt that also explain the dependent variable. Note that both v and zt are
observed for all individuals that do not drop out. Wooldridge (2002b) proves consistency
of this estimation method and shows that this is independent of the way the weights are
obtained. If the ignorability conditions, mentioned above, are not satisfied, the weighted
model is still consistent but not efficient, see Wooldridge (1999).
In Bas¸er et al. (2004) a test is developed for comparing weighted and unweighted
least squares estimators. Traditionally, the Hausman test for model adequacy is used
under the assumption of homoscedasticity, see Hausman (1978). The weighted estimator
is consistent but not efficient if attrition is selective on non-ignorable observables. The
unweighted estimator is only consistent when the selection on observables is non-ignorable.
The Hausman-test is based on the following statistic:
H = (θˆw − θˆu)
′(Vw − Vu)
−1(θˆw − θˆu),
where Vw and Vu are the (asymptotic) covariance matrices of the weighted and unweighted
estimators. The test statistic is asymptotically χ2(ν) distributed, where ν is the number
of parameters.
5 Estimation Results
We now estimate the influence of taking a work-related course on the reduction of the
discrepancy between work requirements and the skills a employee possesses using the OSA
panel data for The Netherlands. The decision to take a course may be induced by the
perceived skill deficiency and therefore lead to an endogeneity problem. Another problem
is that the panel may have selective attrition. To account for these problems we apply the
methods mentioned in the previous section. We discuss whether a correction for a selective
decision to take a course and a correction for attrition are needed. We will employ three
different models. First, a standard ordered probit model for the change in discrepancy is
estimated that assumes an exogenous decision to take a course, see (1) and (2). In the
second model we extend the model by introducing an endogenous selection equation for
the decision to take a course. The change in discrepancy and the decision to take a course
are then assumed to follow a bivariate (ordered) probit as is defined in (3). For comparison
we also estimated the decision to take a course for the unrelated model. Finally, the model
with an endogenous selection is corrected for possible attrition on observables through an
IPW estimator.
12
5.1 Ordered Probit With and Without Correction for Endo-
geneity
First an standard ordered probit model is estimated.3 The dependent variable, change in
discrepancy, can take seven different values. The maximum observed value is +3 which
occurs if an employee reports that her discrepancy has improved from Bad to Good. The
minimum observed value is −3 which occurs if an employee reports that her discrep-
ancy has deteriorated from Good to Bad. An improvement from Reasonable to Good (or
v.v.) is considered equivalent to an improvement from Bad to Moderate (and Moderate
to Reasonable). We think this is a reasonable assumption. Thus, we need to estimate 6
threshold variables, see (2). Of course, a change in discrepancy between function require-
ments and skills can occur for a number of reasons, not just due to increased knowledge
of a work-related course, like because somebody changed its labour market situation. Per-
sonal (gender) and work-related (tenure) characteristics may also influence the change in
discrepancy. Finally, the change in discrepancy may also be induced by a conjunctural
effect. The estimated effects of all these variables can be found in the upper part of the
first column of table 4.
The lower part of the first column of table 4 contains the estimated parameters of the
binary probit model for the decision to take a course. In the first model we assume that
this decision is independent of the change in discrepancy. Thus, the correlation parameter
in the bivariate probit model is set to zero. The second column of table 4 presents the
estimation results when the change in discrepancy and the decision to take a course are
correlated. Note that the estimated parameters in the second model are nearly the same
as the estimated parameters of the first model. However, the coefficient of the influence of
work-related courses on the change in discrepancy alters sign and the correlation between
the main equation and the selection equation is positive. This indicates that ignoring the
positive correlation between the decision to take a course and a change in discrepancy
leads to misleading impact of work-related courses on this change.
The most important parameter in the model is the effect of the decision to take a
course. If we do not correct for possible endogeneity between the change in discrepancy and
this decision, it does not have a significant effect on the change in discrepancy. When we
allow for endogeneity we find a significant effect. A change in the labour market situation
and the years of tenure are also significant in explaining the change in discrepancy.
In discussing the estimation results we should bare in mind that in a probit model,
like in many nonlinear models, the coefficients cannot directly be interpreted (even the
sign is not ambiguous). The effect of a variable on the probability to get one of the seven
ordered discrepancy change is better measured by the marginal effects. Only the marginal
effects for the main equation are given, because the selection equation is only used to
estimate the parameters of the main equation correctly. The marginal effect represents
the change in the probability of ‘choosing’ a category, due to a change in the explanatory
variable. For a dummy this can be interpreted as the difference between 0 and 1 on the
3All estimations methods are programmed and estimated in Gauss version 3.2.
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chosen category and for a continuous variable it can be interpreted as the change in the
probability to choose a category due to a one percent rise of that variable. These marginal
effects are shown in table 5, see for a discussion on the computation Wooldridge (2002a).
Somebody with a change in the labour market situation has a 19 percent-point higher
chance of no change in discrepancy, category a4, and almost 9 percent-point lower chance
to remove the bad fit between skills and function requirements completely. The influence of
taking a course clearly increases the probability to decrease the discrepancy between work
requirements and skills (category a1 till a3). The probability the discrepancy decreases
from Bad to Good is 15 percent-point higher for somebody who takes a course. Taking
a course also decreases the probability to remain at the same discrepancy level (with
29 percent-point) and to the probability to move one discrepancy level down, category
a5, (with 2.8 percent-point).
In the binary probit model explaining the decision to take a course, most parameters
are significant, except for the dummy that indicates that someone thinks (s)he has a good
salary. The decision to take a course is significantly influenced by low-education level,
gender, change in labour market situation, daily education (not defined as a work-related
course) and, residence in one of the three big cities of The Netherlands (Amsterdam,
Rotterdam or The Hague).
5.2 Results after Correction for Attrition
As mentioned before, with panel data we face the problem of attrition. If the attrition in
the OSA-panel is correlated with the change in discrepancy or if attrition is correlated
with the decision to take a course the analysis in the previous section is biased. In section 4
we discussed how to test for selective attrition and how to correct for it. We shall only
correct for (possible) selection on observables. We apply an IPW-method as introduced
in section 4.2 to correct for the selective attrition in our ordered probit model with a
selective decision to take courses (model 2 in the previous section).
First, we need to estimate the IPW weights. We use a binary probit model with two
possible endogenous variables that are not in the main equation to estimate the weights.
The first variable is a dummy that indicates whether the bad fit between skills and function
requirements is a problem at work. The second variable is the number of courses somebody
has taken in the two years before the first wave. The values of these variables are observed
for both the attritors and the non-attritors. The other variables in the attrition equation
are age, squared age and a dummy for a change in labour market situation in the two
years before the first wave.
The estimation results for this probit model are given in table 6. The results are clear,
the more courses are taken the smaller the chance of attrition and if a bad fit causes
problems at work the chance of attrition is also smaller to drop out of the panel. This
can be explained by the phenomenon that unhappy people are more likely to respond to
surveys, because that is a possibility to spout their comments. Further, it is important to
note that all the used variables have significant coefficients.
Now we can calculate the weights for the IPW-method and estimate the weighted
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version of the ordered probit model. The estimation results are given in the third column
of table 4. The obtained parameter values differ from the unweighted parameter values.
The parameters have the same signs and roughly the same significance, except that gender
is now significant. To have make a better comparison between the weighted and the
unweighted model the marginal effects of the covariates are given in table 7.
The marginal effects of the IPW estimation of the ordered probit model differ in
size but show the same pattern of sign change over the different categories. The large
impact of a change in the labour market situation on the probability to improve the
discrepancy between skills and function requirements increases if we correct for selective
attrition. Somebody who has experienced a change in the labour market situation has
a 21 percent-point lower probability to remove the bad fit between her/his skills and
function requirements completely. Such an individual now has a 34 percent-point higher
probability to maintain the same discrepancy. The impact of correcting for attrition on
the marginal effect is not so large for the indicator of taking a course. Now the taking a
course increases the probability to remove a bad fit completely with 16 percent-point. The
probability to remain at the same discrepancy level is now decreased by 31 percent-point.
Again, the other covariates hardly influence the change in discrepancy.
The significance of all estimated parameters improved with the IPW-method compared
to the unweighted estimation because the standard errors decreased. This is an indication
that the attrition selection is non-ignorable. To check formally whether the IPW method
leads to a more efficient estimation a Hausman test is carried out, as described in sec-
tion 4.1. All 19 parameters, both from the main equation and from the course selection
equation, are included in the test, because all these parameters are weighted in the IPW
method. The value resulting from the Hausman-test is 30.08, which is significant at a 10
percent level and almost significant at a 5 percent level. Given that the Hausman test
may has low power (see Nicoletti (2002)), we conclude that there is significant selection
on observables and that the model estimated with the IPW method is more efficient.
6 Conclusion and Comments
During the past decades changes in labour markets across Europe have accelerated. In
the context of transional labour markets (see Schmid (1998)) employability has become
more important. Employability implies to empower people by raising their productive
capacities. The productive capacities of workers are optimal if their skills and competencies
match their function requirements. Work-related training may lead to a better match.
In this paper we use an ordered probit model to analyze the perceived change in
discrepancy between function requirements and skills of employees. Based on the bi-annual
OSA panel from 1998 till 2002 for The Netherlands, we show that taking a work-related
course decreases the discrepancy significantly. We argue that the decision to take a course
is endogenous to the change in discrepancy. To correct for this endogeneity problem we
estimate a selection equation that is correlated with the change in discrepancy. It appears
that ignoring the selective decision to take a course leads to misleading conclusions about
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the effect of these courses on the change in discrepancy.
Like with any other survey panel we face the problem of panel attrition. In the OSA-
panel about 30% of the respondents drop out each wave. Only if the attrition is correlated
to the change in discrepancy or with the decision to take courses it will bias the analysis.
Such selective attrition can be attributed to variables observed in the data, to variables
unobserved in the data or to both. Due to limited ability to check to detect selective
attrition on unobservables with the data at our disposal we only adjust for selective
attrition on observables.
To correct for the possibility of selection bias we develop an Inverse Probability Weight
(IPW) estimation method for the ordered probit with an endogenous binary regressor.
The results indicate that selective attrition on observables is a problem in our applica-
tion. Therefore, the IPW estimator is more efficient than an unweighted estimator. From
the implied marginal effects of the IPW estimation we can conclude that taking courses
increases the probability to change the fit between skills and function requirements from
Bad to Good with 16 percent-point.
One possible route for further research is to incorporate data concerning the general
labour market condition, like the unemployment rate or some other economic indicator,
into the model. We have the feeling that a substantial part of the increase in the percentage
of employees taking courses after 1998 in The Netherlands is due to the economic boom
at that time. In this paper we assumed that the behavior of individuals are uncorrelated
over time. Another possible extension of the model is, therefore, to allow for individual
specific effect, or adding state dependent variables. Finally, testing to distinguish between
weighting or not, or equivalently, testing whether selection on observables exists or not,
is still at its infancy and asks for elaboration.
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A Tables
Table 1: Fit between knowledge and function requirements.
Good fit Bad fit
1998 2000 2002 1998 2000 2002
Total 79% 85% 77% 6% 2% 5%
Male 81% 87% 78% 5% 2% 5%
Female 77% 82% 76% 7% 3% 6%
Labour situation changed 83% 87% 82% 4% 1% 4%
No change labour situation 72% 81% 77% 8% 3% 5%
Tenure
< 1 year 90% 100% 70% 5% 0% 9%
1-2 year 67% 76% 73% 11% 5% 5%
3-5 year 75% 84% 76% 7% 1% 5%
6-10 year 81% 82% 77% 5% 4% 5%
11-20 year 82% 84% 79% 4% 3% 5%
>20 year 83% 89% 83% 4% 1% 2%
Age
16-29 71% 77% 67% 9% 4% 8%
30-44 79% 84% 76% 5% 2% 5%
45+ 85% 88% 82% 4% 2% 4%
Knowledge is more Knowledge is less
1998 2000 2002 1998 2000 2002
Total 33% 25% 26% 10% 3% 4%
a Residence in big city: The Hague, Rotterdam or Amsterdam.
b Residence in the north of The Netherlands.
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Table 2: Descriptive statistics work-related courses.
courses taken Average # of courses
1998 2000 2002 1998 2000 2002
Total 16% 46% 37% 0.22 0.79 0.69
Male 20% 52% 42% 0.29 0.92 0.84
Female 11% 40% 32% 0.15 0.67 0.56
Labour situation changed 14% 35% 32% 0.21 0.53 0.58
No change labour situation 18% 42% 41% 0.25 0.63 0.76
Primary school 7% 28% 20% 0.09 0.50 0.31
High-school 17% 50% 40% 0.25 0.87 0.75
BA-degree 25% 57% 46% 0.35 1.03 0.94
MA-degree 20% 51% 45% 0.34 0.89 0.96
Big citya 15% 36% 32% 0.23 0.61 0.63
No Big city 16% 47% 37% 0.22 0.81 0.70
Northb 13% 46% 34% 0.18 0.80 0.60
No North 16% 46% 37% 0.22 0.79 0.71
Tenure
< 1 year 3% 27% 18% 0.03 0.43 0.29
1-2 year 15% 47% 46% 0.17 0.82 0.88
3-5 year 17% 55% 46% 0.25 0.95 0.90
6-10 year 21% 52% 44% 0.31 0.93 0.84
11-20 year 21% 56% 43% 0.31 0.99 0.88
>20 year 23% 53% 44% 0.34 0.92 0.84
Age
16-29 16% 44% 41% 0.22 0.74 0.82
30-44 18% 50% 43% 0.27 0.89 0.83
45+ 13% 42% 29% 0.17 0.71 0.53
a Residence in big city: The Hague, Rotterdam or Amsterdam.
b Residence in the north of The Netherlands.
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Table 3: Comparison of attritors and non-attritors.
2000 2002
Non-attritors attritors Non-attritors attritors
Average age 42 42 44 44
Female 51% 49% 52% 50%
Big citya 8% 11% 10% 11%
Northb 12% 13% 12% 13%
No children 22% 31% 21% 29%
Av. # of children 1.80 1.60 1.83 1.68
Married 77% 67% 72% 65%
Cohabiting 8% 11% 8% 9%
Divorced 4% 4% 5% 6%
Never married and not co-
habiting
10% 16% 13% 18%
People in employment 71% 65% 70% 63%
Self-employed 5% 5% 5% 5%
Unemployed 3% 3% 3% 3%
Non-participants 21% 25% 20% 27%
Change in labour situation
since first wave
70% 67% 66% 69%
Primary school 6% 8% 5% 7%
High-school 34% 33% 32% 31%
BA-degree 16% 13% 22% 18%
MA-degree 5% 4% 6% 6%
Av. fit Knowledge/skills 1.35 1.38 1.22 1.23
Fit knowledge-skills is prob-
lem at work
19% 17% 7% 5%
Number of courses preced-
ing two years
0.25 0.19 0.80 0.78
a Big cities are The Hague, Rotterdam, Amsterdam.
b North are the provinces in the north of The Netherlands.
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Table 4: Parameters and standard errors of the models.
Model 1 Model 2 IPW
Equation for change in discrepancy.
Threshold 1 −0.99(0.71) −1.44∗(0.12) −1.84∗ (0.077)
Threshold 2 −0.58(0.71) −1.07∗(0.12) −1.48∗(0.068)
Threshold 3 −0.037(0.72) −0.57∗(0.13) −0.98∗(0.065)
Threshold 4 2.53∗(0.71) 1.73∗(0.20) 1.28∗(0.11)
Threshold 5 3.42∗(0.72) 2.53∗(0.23) 2.02∗(0.13)
Threshold 6 4.06∗(0.73) 3.12∗(0.25) 2.53∗(0.15)
Female −0.0046(0.32) −0.062(0.046) −0.11∗(0.021)
Survey 1998 2000 0.029(0.19) 0.042(0.050) −0.016(0.031)
Labour situation changed 0.98∗(0.046) 0.83∗(0.040) 0.42∗(0.021)
Years at current employer −0.14∗(0.014) −0.11∗(0.011) −0.065∗(0.0063)
Course taken 0.047(0.044) −0.84∗(0.17) −0.52∗(0.063)
Selection equation for taking a course (=1).
Primary school −0.34∗(0.063) −0.30∗(0.061) −0.18∗(0.036)
High salary −0.043(0.085) −0.015(0.079) 0.0094(0.049)
Female −0.16∗∗(0.065) −0.16∗(0.046) −0.13∗∗(0.052)
Labour situation changed −0.13∗(0.044) −0.14∗(0.034) −0.091∗∗(0.037)
Daily education −0.049∗∗∗(0.030) −0.061∗∗(0.028) −0.028(0.018)
Big citya −0.21∗∗(0.085) −0.20∗(0.074) −0.10∗∗(0.043)
Intercept 0.48∗(0.16) 0.50∗(0.095) 0.34∗∗(0.14)
Correlation 0 0.55∗(0.096) 0.57∗(0.064)
Log-likelihood −5149.57 −5148.15 −5203.22
Number of observations 3383 3383 3383
Model 1 is an Ordered probit for the change in discrepancy and a binary Probit for
selection equation, Model 2 is model 1 with correlation between the main equation and
the selection equation. (*) significant at 1 percent, (**) significant at 5 percent and (***)
significant at 10 percent.
a Big cities are The Hague, Rotterdam, Amsterdam.
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Table 5: Marginal effects on the change in discrepancy for the ordered probit model
with endogenous decision to take a course.
a11 a2 a3 a4 a5 a6 a7
Female 0.0062 0.0052 0.0089 -0.015 -0.0046 -0.00056 -7.9E-05
Survey 1998 2000 -0.0044 -0.0036 -0.0061 0.011 0.0030 0.00036 5.1E-05
Labour situation changed -0.087 -0.068 -0.11 0.19 0.067 0.0097 0.0016
Years at current employer 0.00014 0.0013 0.0025 -0.0035 -0.0015 -0.00019 -2.8E-05
Course taken 0.15 0.099 0.071 -0.29 -0.028 -0.0038 -0.00021
1 a1...a7 are the seven different categories for the change in discrepancy, with a1 indicates an im-
provement from Bad to Good, a4 no change and, a7 a deterioration from Good to Bad.
Table 6: Probit estimations for attrition equation.
Probit model
Bad fit is problem at work 0.469(0.083)
Number of courses 0.091(0.025)
Age 0.279(0.014)
(Age/10)2 −0.328(0.016)
Labour market situation changed 0.115(0.044)
R2 0.0811
All variables are significant at the 5 per cent level.
1
R
2 of Cragg and Uhler (1970) is used.
Table 7: Marginal effects on the change in discrepancy for the IPW estimations of the
ordered probit model.
a11 a2 a3 a4 a5 a6 a7
Female 0.0031 0.0036 0.0079 -0.0055 -0.0077 -0.0013 -0.00023
Survey 1998 2000 -0.0027 -0.0028 -0.0058 0.0061 0.0044 0.00065 0.00011
Labour situation changed -0.21 -0.085 -0.067 0.34 0.017 0.0012 0.00013
Years at current employer 0.00022 0.00024 0.00050 -0.00048 -0.00041 -6.3E-05 -1.1E-05
Course taken 0.16 0.086 0.099 -0.31 -0.030 -0.0028 -0.00033
1 a1...a7 are the seven different categories for the change in discrepancy, with a1 indicates an improve-
ment from Bad to Good, a4 no change and, a7 a deterioration from Good to Bad.
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